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Abstract—This paper explores the value of situational aware-
ness information to Dynamic Spectrum Access (DSA) systems,
which access wireless spectrum in an ad hoc manner to meet
user needs while avoiding harmful interference to other spectrum
users. In general, DSA systems must make adaptation decisions
with imperfect information in factors such as local propagation
characteristics as well as the presence, location, and spectrum
usage behaviors of other spectrum users. DSA methods for
developing situational awareness (SA) include spectrum sensing,
information sharing among networked users, and access to
various databases.

This paper derives the relationship between SA uncertainty
and DSA system performance. The SA and decision process uses
a probabilistic reasoning and decision-making model for DSA
systems. The method uses a Bayesian Networking model with
causality assumptions along with multiattribute utility theory.
The BN is built as a functional causal model from common func-
tional relationships and algorithms from communications theory.
The associated analysis provides insight into the decision-making
trades of a DSA system when acting on imperfect situational
awareness and highlights some general findings and principles.
The results demonstrate a direct impact on interference and
capacity potential resulting from uncertainty. Uncertainty is
quantified in terms of incorrect assessment of the mean and
variance of the path loss probability distribution.

Index Terms—dynamic spectrum access, probabilistic reason-
ing, decision theory, situational awareness, value of information

I. INTRODUCTION

Dynamic Spectrum Access (DSA) networks seek to op-
portunistically use temporarily available wireless spectrum
capacity in an ad hoc manner rather than rely on static
spectrum assignments [1]. An underlying principle of DSA
is to specify operating rules and policies as constraints and
permissions while allowing the DSA system to determine the
best actions based upon in situ conditions. DSA systems must
therefore be able to determine the applicable permissions and
constraints as well as behaviors/actions that are consistent
with those permissions and constraints. Policy-based reasoning
approaches [2, 3, 4] have become generally-accepted methods
for deducing spectrum access permissions and restrictions.
Knowing the constraints, however, is different than identifying
and selecting appropriate operating behaviors.

The evaluation and selection of operating parameters that
comply with policies and meet DSA system goals (e.g.,

capacity) are hindered by situational uncertainty. Uncertainty
stems from many factors including practical limits on situa-
tional awareness, the inherent probabilistic nature of wireless
communications, and limited ability to predict the future world
state. Those and other sources of uncertainty lead to imper-
fect (incomplete and inaccurate) situational assessment and
decision-making. The uncertainty-limited capability of DSA
systems must be factored into the decision-making process to
manage risks associated with provisioning reliable spectrum
and mitigating harmful interference to other spectrum users.

Regulators must have confidence that the DSA systems are
able to effectively operate under uncertainty if they are to issue
spectrum access policies permitting DSA systems to adjust
behaviors based on in situ conditions. Primarily, regulators
will need assurance that the DSA systems can evaluate the
interference risks of candidate actions and select those that are
below some specified threshold. Additionally, potential DSA
network users must have confidence that the DSA systems
can maintain reliable access to sufficient spectrum that meets
their Quality of Service or Quality of Experience needs. Thus
DSA systems must be able to characterize and sufficiently
manage uncertainty and associated risks. Situational awareness
must incorporate uncertainty assessments derived from sets of
qualified algorithms and in situ observations to enable DSA
behaviors to be managed according to risk conditions.

The work presented in this paper studies the impact that
situational awareness uncertainty has on DSA systems. The
concept adopted here is risk-constrained behavior, in which
spectrum policies specify the minimum interference risk
threshold and DSA systems employ qualified algorithms for
assessing risk. A means for developing those qualified algo-
rithms therefore needs to be established. The SA, reasoning,
and decision making model used for the study is outlined
in [5], which proposes probabilistic reasoning model using
causal logic and structural equation models. It builds on Pearl’s
Causality Theory and associated algebra [6], which provides a
formal mathematical basis for developing and operating upon
the probabilistic situational awareness information. Further,
the causal-based approach inherently supports a probabilistic
decision-making model such as the multiattribute decision
model discussed in [5, 7, 8].

The following section describes the basis for the probabilis-
tic reasoning approach, develops a functional causal model,



and provides an example of its implementation. Section III
derives the theoretical formulations relating SA uncertainty
to performance impacts in terms of interference and capacity
potential.

II. PROBABILISTIC MODEL FOR DSA SITUATIONAL
AWARENESS

Probabilistic concepts underpin much of communications
and information theory. Signal propagation, channel charac-
teristics, and information capacity formulae are based upon
stochastic concepts and expressed in probabilistic terms. DSA
decision processes must therefore account for the stochastic
phenomenology associated with wireless communications in
order to appropriately implement strategies and behaviors.

A probabilistic causal modeling approach—referred to here
as a Functional Causal Model (FCM) approach—is proposed
in [5] as a means to use a formal approach in implementing
probabilistic concepts for DSA situational awareness and
reasoning. An FCM encodes logical, functional, and proba-
bilistic relationships among random variables that comprise
the domain model. FCMs use Bayesian Networks (BNs) to
represent the causal relationships among random variables
and enable efficient inference and computation.1 The direction
of the edges represent causal logical relationships from the
causative to the affected variables. Further, FCMs use func-
tional relationships among random variables for quantification.
Similarly, FCMs represent the joint probability distribution of
all random variables while each node represents the probability
distribution of the respective random variable. Thus the FCM
binds the logical, functional, and probabilistic qualities into a
single model.

Probabilistic decision-making is a natural extension of the
FCM approach [6]. The model presented here uses decision
theory—specifically multiattribute utility theory [9]—to enable
evaluation and choice among alternative DSA actions. Deci-
sion/Utility theory provides an axiomatic system of choice
evaluation that captures the relationships among goals, con-
straints, and uncertainty in a decision-making process. Multiat-
tribute decision theory provides the foundation for developing
joint utility functions that take into account multiple decision
factors (attributes), each of which captures an essential element
of the objectives and constraints. The decision process evalu-
ates the expected utility of each option under consideration and
selects the one with the highest expected utility across multiple
attributes such as interference potential, channel capacity, cost,
and system resource usage.

The decision-making and situational awareness processing
functions of a DSA system would use the FCM and associated
queries in a complimentary manner. The Awareness Processing
function would be responsible for estimating the relevant
world state as defined by some FCM representation containing
random variables and their relationships. A DSA system
would directly update observable random variables through

1Note that BNs are not universally causal; the representation of causality
or mere association is determined by the semantics of the specific model.

Figure 1. Conceptual situational awareness and decision-making functional
architecture [5].

some data acquisition process (e.g., sensing or database ac-
cess); counterfactual queries could be used to learn from
past observations. Unobserved random variables and higher-
order (abstracted) concepts would be inferred to produce a
composite situational awareness defining the DSA system’s
belief about the relevant world state. The Decision Processing
function would use interventional queries on the acquired
information to evaluate possible outcomes and their expected
utilities. The DSA system would select the action with the
greatest expected utility and inform the situational awareness
function of the expected state to be used in evaluating the next
set of observations and actions.

The following sections describe the FCM approach and
develops a DSA FCM to illustrate its use and basic character-
istics in a quantified example.

A. Example FCM for DSA SA and probabilistic reasoning

A DSA FCM for situational awareness and probabilistic
reasoning can be built by first considering the cause-effect
chain of events and phenomena [5]. From these relationships,
the FCM allows a DSA system to infer the values and
probability distributions of unobservable variables from those
that can be observed. Observations can occur via sensing,
messaging, database access, and other information collection
methods [10].

To illustrate the construction and components of an FCM,
consider a DSA system that senses the spectrum and wishes
to determine the maximum interference-free transmit power
(MIFTP) it can transmit without causing harmful interference
to protected users (PUs) that may be nearby. Further, the DSA
system also needs to determine the expected capacity it can
attain.



The first step in the evaluation process is for the DSA system
to determine the path loss (Lp) between the itself and the PU.
Path loss Lp can be estimated if channel characteristics are
known. The DSA system can use various path loss models
to estimate Lp [11]. For explanatory clarity, consider an
exponential path loss model that follows the Friis formula

Lp = α10 log10

(
c

4πfd

)
dB (1)

with the path loss exponent α, speed of light c, channel
frequency f , and link distance d. Information regarding α and
d, however, are often known with a limited degree of accuracy.

The DSA system may also estimate Lp by observing the
amount of power received (Prx) from the PU signal. The path
loss Lp at a given location can be found by

Lp = Prx − Ptx, (2)

where Ptx is the transmit power of the PU and Prx is the
received signal power at the DSA system. The PU transmit
power Ptx, however, is not always known to the DSA system.
It may be estimated from data derived from spectrum policies
(e.g., permissible power levels), device standards (PU system
capabilities), and other external data sources.

Those two methods can be combined using an FCM model
with Bayesian updating to derive estimates of Lp. Consider
the FCM graphical model shown in Figure 2 with functional
relationships defined by (1) and (2). The logical expressions
used for reasoning on the graph are given as

α ∧ d ∧ f ⇒ Lp (3a)
Lp ∧ Ptx ⇒ Prx. (3b)

The DSA system can use this model along with prior estimates
of Ptx, α and d in the form of probability distributions derived
from past observations and other available data sources.

Now suppose that the DSA system observes a signal with
a received power Prx (also in the form of a probability
distribution) and wishes to determine the path loss Lp. To do
so, it calculates P (Lp|Prx), which is the posterior probability
of Lp given the observation Prx. The posterior probability is
found by Bayes’s rule

P (Lp|Prx) =
P (Prx|Lp)P (Lp)

P (Prx)
(4)

where
• P (Prx|Lp) is the likelihood distribution of observed

power given the prior path loss probability;
• P (Lp) is the prior path loss probability distribution;
• P (Prx) is the observed power probability distribution.

The likelihood and prior path loss functions and probability
distributions are specified by the deterministic relationship in
(1) and (2). With the updated path loss estimate from (4),
the DSA system can now determine the MIFTP and expected
impact (e.g., capacity, interference) of its actions.

As previously discussed, probabilistic reasoning enables
risk-based policy management in which a regulator or user

Figure 2. Received power FCM graphical representation.

Figure 3. MIFTP FCM graphical representation.

specifies the desired attribute value or limit along with an as-
sociated probability of occurrence. For interference, a regulator
would specify the probability that the interference power at the
PU is less than a given power threshold Pint,th with some min-
imum acceptable risk probability P(Pint < Pint,th) < Prisk.
The expected amount of (interference) power that would be
incurred by the PU from the DSA system is given by

Pint = Ptx + Lp. (5)

The probability of interference power being greater than the
threshold Pint,th is given by

P(Pint ≥ Pint,th) = P (Prx ≥ Pint,th)

=

∫ ∞
Pint,th

p (Prx) . (6)

MIFTP is simply the maximum Ptx the DSA can use such
that P(Pint < Pint,th) < Prisk. The DSA system is able to
use the FCM from Figure 3 along with (5) and the constraint
from (6) to derive MIFTP.

The DSA systems can now estimate the maximum capacity
of the channel given that each DSA system in the network
has estimated the path losses on the DSA-PU channel and
MIFTP per the above algorithms. Capacity C is given by the
Shannon-Hartley formula

C = W log10 (1 + SINR) (7)

with the signal-to-interference plus noise ratio (SINR) given
as a function of MIFTP. The SINR is given by

SINR = 100.1∗(MIFTP+Lp−Pint+NdB
). (8)

where the path loss Lp here is the path loss on the DSA-
DSA channel; Pint+NdB

is the interference power from the



Figure 4. Channel capacity FCM graphical representation.

Figure 5. Composite FCM graphical representation.

PU along with the total receiver noise. This inference process
is given by the FCM shown in Figure 4.

The individual FCMs presented above can be combined into
a composite FCM in a composable model using Multi-Entity
Bayesian Networking (MEBN) theory [12]. With the MEBN
approach, each FCM becomes a MEBN Fragment (MFrag)
that can be used to compose larger models. Complex models
involving multiple PU and DSA systems can be developed
from a relatively small library of MFrags. For the model
presented here, the composite graphical network takes the
form shown in Figure 5. In this model, the receive power
FCM from Figure 2 is used three times: once each for the
PU-to-DSA, DSA-to-DSA, and DSA-to-PU channels. Each
one has the same structure (graphical, logical, and functional)
but is instantiated in a different part of the composite DSA
situational awareness FCM.

B. Example FCM for DSA SA and probabilistic reasoning

To illustrate the DSA SA and probabilistic reasoning model,
consider a DSA system using the SA and reasoning model
described above and shown in Figure 5 along with the scenario
parameters specified in Table I. The DSA system’s initial SA
of the environment has significant uncertainty: The prior belief
of distance d to the PU and the PU’s transmit power Ptx have

Table I
SCENARIO PARAMETERS.

DSA-PU/PU-DSA DSA-DSA

Prior
α ∼ B(3.99, 11.25) α = 3
d ∼ U(0, 10) km d = 500 m
Ptx ∼ U(20, 40) dBm W = 2 MHz

Observed Prx ∼ N(−99.62, 9.64) dBm N ∼ N(−111, 3) dBm
N ∼ N(−111, 3) dBm

Figure 6. Prior belief distribution of path loss exponent.

known bounds, but the beliefs are uniformly distributed within
those ranges. The Ptx belief distribution is representative of
the DSA knowing the capabilities and policies that limit the
transmit power of the PU, but not the actual configuration of
the local PU. The belief distribution of d is derived from the
range of Ptx and the possible path loss exponent α values: A
PU transmitting with Ptx = 40 dBm on a channel with α = 2
specifies the maximum range to a PU that the DSA system
needs to consider. The path loss exponent α belief distribution
indicates some understanding of the path loss environment (the
distribution has a minimum of 2, maximum of 6, and mean of
3), but significant uncertainty still exists (standard deviation
of 0.1) as shown in Figure 6. The established SA leads to
the prior path loss belief distribution shown in Figure 7. The
potential path loss spans nearly 200 dB.

Now suppose that the DSA system senses the channel,
detects noise and signal, and characterizes the received signal
and noise distributions. As described in the previous section,
the DSA system uses the sensor observations to update its
prior belief regarding path loss Lp. The update results in the
posterior path loss distribution shown in Figure 7, which is
a significant information gain (i.e., reduction in uncertainty)
over the prior path loss distribution. The mean shifts and the
standard deviation is reduced.

The DSA system then uses the updated path loss distribution
along with policy specifications to determine its MIFTP. In
this example, the policy requires that the interference power
at the PU be no more than -85 dBm with 95% confidence. The
95% confidence level of the updated path loss distribution is
-118.28 dB, giving a MIFTP of 33.28 dBm.



Figure 7. Prior and posterior path loss belief distributions.

A coupling between SA uncertainty and DSA system per-
formance can be readily seen in the model and example.
Different levels of uncertainty (e.g., mean or variance of the
probability distributions) can lead to different MIFTP values.
The different MIFTP values produces different interference
risks and expected capacity gains. The coupling between
uncertainty and decision impacts are the focus of the following
section. In particular, the section develops a foundational
understanding of the relationships between SA uncertainty and
decision quality.

III. IMPACT OF UNCERTAINTY ON DSA PERFORMANCE

The impact of uncertainty can be based upon the difference
between the true conditions and those perceived by the DSA
system, which has potentially imperfect SA. One performance
measure discussed above is the interference power incurred
at a PU per (5). In particular, the policy-specified interference
power at the required probability Pint,th as defined in (6) is of
primary importance. Another key performance measure is the
ability of the DSA system to attain the maximum potential
capacity from on the channel. Both factors are affected by
differences between true and perceived conditions.

Consider a DSA system that uses the SA model and
reasoning processes described in the previous section. When a
PU transmits a signal with power Ptx, the DSA system senses
a signal with power Prx with a mean power µPrx

and variance
σ2
Prx

resulting from path loss variations. Assuming the PU
transmitted with a constant power Ptx, the received power
variance is identical to the path loss variance, i.e., σ2

Lp
= σ2

Prx
.

If the PU Ptx is not known, then the mean path loss µLp

must be determined. The method of determination may be
done by using awareness of the PU transmit power Ptx or a
combination of path loss exponent α and link distance d.

A. Sensitivity of path loss estimation using Ptx estimates

Suppose that the DSA system has some belief regarding the
PU Ptx, which we define as Ptx,SA and let the true transmit
power be specified as Ptx,T . The belief in Ptx,SA has some

mean value µPtx,SA
and variance σ2

Ptx,SA
. Consider first the

path loss formulation of (2). The mean and variance of the
path loss is found as

µLp
= E [Prx − Ptx] = µPrx

− µPtx
, (9a)

σ2
Lp

= Var [Prx − Ptx] = σ2
Prx
− σ2

Ptx
. (9b)

Let a subscript “SA” represent the DSA system’s situational
awareness belief and the true path loss parameters be given a
subscript “T ”. For the true path loss, the transmit power Ptx,T
is a constant, giving σ2

Ptx,T
= 0. Also, the true and perceived

receive powers can be considered equivalent (i.e., negligible
measurement noise and bias), giving

µLp,SA
= µPrx − µPtx,SA

, (10a)

σ2
Lp,SA

= σ2
Prx
− σ2

Ptx,SA
, (10b)

while the true path loss is given by

µLp,T
= µPrx

− µPtx,T
, (11a)

σ2
Lp,T

= σ2
Prx

. (11b)

The difference in the true and perceived path loss parameters
is found by

∆µLp = µLp,T
− µLp,SA

, (12a)

∆σ2
Lp

= σ2
Lp,T
− σ2

Lp,SA
. (12b)

Applying the equations from (10) and (11) gives

∆µLp
= µPtx,SA

− µPtx,T
, (13a)

∆σ2
Lp

= σ2
Ptx,SA

. (13b)

Thus it is seen that errors in mean path loss determination are
defined as the difference between the true and perceived mean
transmit powers. Error in assessing the path loss variance is
the direct result of the SA uncertainty regarding PU Ptx as
defined by σ2

Ptx,SA
. If the DSA system uses this approach

to determine Lp, any variation from the true conditions of
the transmit power result in proportional errors in path loss
assessment.

B. Sensitivity of path loss estimation using α and d estimates

Next, consider the definition of path loss as a function
of channel propagation characteristics. The Friis equation as
defined in (1) provides a sufficient model for the purposes of
this assessment. The mean is found as

µLp
= E

[
α10 log10

( c

4πfd

)]
= E [αfd] = E [α] E [fd] = µαµfd (14)

where fd is used to represent the log term for convenience.
Using the same subscript convention for true and SA-derived
parameters as the previous method, the mean path loss differ-
ence is

∆µLp = µαT
µfd,T − µαSA

µfd,SA
. (15)

Given this relationship, various cases can be considered.



Figure 8. Mean path loss difference ∆µLp as a function of dSA
dT

for a
known µα.

For the first case, let µα be known by the DSA system,
i.e., µαSA

= µαT
with negligible uncertainty. The path loss

difference then becomes

∆µLp
= µα

(
µfd,T − µfd,SA

)
. (16)

The mean of the log term can be found by

µfd = E
[
10 log10

( c

4πfd

)]
= 10E

[
log10

( c

4πf

)
− log10(d)

]
= 10

(
E
[
log10

( c

4πf

)]
− E [log10(d)]

)
; (17)

applying this form to (16) gives the result

∆µLp
= 10µα

(
E [log10(dSA)]− E [log10(dT )]

)
= 10µαE

[
log10

(dSA
dT

)]
. (18)

Thus the mean path loss difference resulting from a correct as-
sessment of µα but possibly inaccurate distance assessment is
proportional to the logarithm of the distance ratios multiplied
by the magnitude of µα. As shown in Figure 8, significant
differences between the true and perceived distances (e.g.
factors of as much as 10) produce small to moderate (2-
5 dB) changes in ∆µLp

. Smaller changes in µα result in
proportionally larger ∆µLp changes. It is also noted that
distance estimation errors have a decreasing effect on ∆µLp as
the true distance increases. That is, a 100 m estimation error
at dT = 2000 m has a much smaller impact on ∆µLp

than
the same error at dT = 1000 m.

The second case to investigate is when the distance d to the
PU is known (µfd,T = µfd,SA

), but µα can only be estimated.
This is representative of a TV whitespace scenario [13]. The

Figure 9. Mean path loss difference ∆µLp as a function of ∆µα for a
known µd.

difference between true and perceived mean path loss of (15)
becomes

∆µLp = µfd (µαT
− µαSA

) (19)

with µfd defined per (17). Thus ∆µLp is directly proportional
to the estimation error between the true and perceived µα.
The relationship between the estimation error and resulting
path loss difference are shown in Figure 9.

The difference in true versus perceived path loss variance
are also a potential source of performance degradation. For
the Friis path loss model, the variance is found as

σ2
Lp

= var
(
α10 log10

( c

4πfd

))
. (20)

Asserting independence between α and d allows the formula-
tion to become

σ2
Lp

= σ2
αµ

2
fd

+ σ2
fd
µ2
α + σ2

ασ
2
fd

(21)

where fd represents the log term. The difference in variances
between the true conditions and DSA SA perception is given
as

∆σ2
Lp

= σ2
Lp,T
− σ2

Lp,SA

=
(
σ2
αµ

2
fd

+ σ2
fd
µ2
α + σ2

ασ
2
fd

)
T

−
(
σ2
αµ

2
fd

+ σ2
fd
µ2
α + σ2

ασ
2
fd

)
SA
. (22)

Noting that the variance of the actual path loss is attributed
solely to variations in the α parameter, distance dT is seen
to be a constant and σ2

fd,T
= 0. The variance difference then

reduces to

∆σ2
Lp

=
(
σ2
αµ

2
fd

)
T

−
(
σ2
αµ

2
fd

+ σ2
fd
µ2
α + σ2

ασ
2
fd

)
SA
. (23)

Similar to the previous evaluation of µLp
, a couple cases of

interest can be assessed. First, consider the condition where



Figure 10. Path loss variance difference ∆σ2
Lp

as a function of distance
variance uncertainty σ2

fd,SA
for known values of µd and µα = 2.

the DSA system has a proper characterization of σ2
α. The path

loss variance difference then becomes

∆σ2
Lp

= σ2
α

(
µ2
fd,T
− µ2

fd,SA
− σ2

fd,SA

)
− σ2

fd,SA
µ2
αSA

. (24)

In cases such as TV whitespace [13] where the average
distance µd to the PU is known but with some inaccuracy,
the relationship reduces further to

∆σ2
Lp

= −σ2
fd,SA

(
σ2
α + µ2

αSA

)
. (25)

Examples of this case are provided in Figure 10.
Further, the case where the location of the PU is known with

negligible variance can be derived from (23). Letting σ2
fd

= 0
results in

∆σ2
Lp

=
(
σ2
αµ

2
fd

)
T
−
(
σ2
αµ

2
fd

)
SA
. (26)

Given that no distance variance exists for the SA, the location
of the PU is necessarily known. Thus µfd,SA

= µfd,T and (26)
is further reduced to

∆σ2
Lp

= µ2
fd

(
σ2
αT
− σ2

αSA

)
. (27)

Examples for this case are demonstrated in Figure 11.

C. Impact of SA uncertainty on interference and capacity

The impact of uncertainty on performance can be assessed
given the relationships derived in the previous two sections.
In particular, the difference between the true and calculated
interference power threshold Pint,th is investigated. Further,
the difference between the true and calculated channel capacity
is assessed.

For the risk-constrained policy specification asserted here,
the policy maker specifies a maximum interference power that
can be imposed on a PU with a given level of confidence.
The threshold can be modeled as a point on the path loss

Figure 11. Path loss variance difference ∆σ2
Lp

as a function of σ2
α for

known values of µd.

distribution, which can be expressed in terms of the MIFTP,
path loss mean, and path loss variance

Pint,th = MIFTP + µLp
+ nσ2

Lp
. (28)

The term nσ2
Lp specifies the point on the distribution associ-

ated with specified risk level. The difference between the true
and predicted interference threshold is given by

∆Pint,th = Pint,th,T − Pint,th,SA
= µLp,T

− µLp,SA
+ n

(
σ2
Lp,T
− σ2

Lp,SA

)
. (29)

Thus the ability to accurately calculate the MIFTP depends
upon the degree of uncertainty in the DSA radio’s SA.

Similarly, capacity can use a relative measure to compare
true and perceived channel capacities. Using the Shannon-
Hartley formula, the capacity difference is given by

∆c = cT − cSA

= log2

(
1 +

Prx,T
N

)
− log2

(
1 +

Prx,SA
N

)
= log2

( N + Prx,T
N + Prx,SA

)
(30)

in bits/sec/Hz. Considering the cases where Prx � N ,

∆c = log2

( Prx,T
Prx,SA

)
(31)

It can be easily shown that

Prx,T
Prx,SA

=
MIFTPT
MIFTPSA

, (32)

giving the final result

∆c = log2

( MIFTPT
MIFTPSA

)
bits/sec/Hz. (33)

MIFTP can be determined from (28) as

MIFTP = Pint,th − µLp − nσ2
Lp
. (34)



Figure 12. Interference power difference ∆Pint as a function of σ2
Lp

and
µLp .

Figure 13. Capacity difference ∆c as a function of σ2
Lp

and µLp .

Thus we have capacity in terms of the SA uncertainty. Plots
of ∆Pint and ∆c are provided in Figures 12 and 13.

IV. SUMMARY AND CONCLUSION

The relationships between situational awareness uncertainty
and DSA system interference and capacity potential were
developed and demonstrated. Uncertainty is characterized as a
function of the mean and variance of the underlying situational
uncertainty. Specifically, relationships were defined that relate
uncertainty regarding path loss factors and PU transmit power
to errors in DSA assessments of interference and channel
capacity potential. The under-estimation of path loss leads to
reduced capacity for the DSA system while over-estimation
leads to increased interference potential.

The relationships developed in this paper will be used in
the context of a DSA simulation model to evaluate their

characteristics under various scenarios. The simulation model
will also investigate various belief-updating and parameter
estimation techniques to evaluate their ability to mitigate
significant performance losses due to SA uncertainty.
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